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Resting-state functional connectivity, asmeasured by functionalmagnetic resonance imaging (fMRI), is often treated as a trait, used, for
example, to draw inferences about individual differences in cognitive function, or differences between healthy or diseased populations.
However, functional connectivity can also depend on the individual’s mental state. In the present study, we examined the relative
contribution of state and trait components in shaping an individual’s functional architecture. We used fMRI data from a large,
population-based human sample (N 587, age 18–88 years), as part of the Cambridge Centre for Aging and Neuroscience (Cam-CAN),
which were collected in three mental states: resting, performing a sensorimotor task, and watching a movie. Whereas previous studies
have shown commonalities across mental states in the average functional connectivity across individuals, we focused on the effects of
states on the pattern of individual differences in functional connectivity. We found that state effects were as important as trait effects in
shaping individual functional connectivity patterns, each explaining an approximately equal amount of variance. This was true whenwe
looked at aging, as one specific dimension of individual differences, as well as when we looked at generic aspects of individual variation.
These results show that individual differences in functional connectivity consist of state-dependent aspects, as well as more stable,
trait-like characteristics. Studying individual differences in functional connectivity across a wider range of mental states will therefore
provide a more complete picture of the mechanisms underlying factors such as cognitive ability, aging, and disease.
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Introduction
The brain’s functional architecture is remarkably similar across
different individuals and across different mental states (Calhoun
et al., 2008; Smith et al., 2009; Cole et al., 2014; Krienen et al.,
2014). Regardless of the population that is studied and the meth-
ods that are used, the same functional networks emerge of brain
regions that show high connectivity with each other (Damoi-
seaux et al., 2006; Power et al., 2011). Because functional connec-
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Significance Statement
The brain’s functional architecture is remarkably similar across different individuals and across different mental states, which is
why many studies use functional connectivity as a trait measure. Despite these trait-like aspects, functional connectivity varies
over time and with changes in cognitive state. We measured connectivity in three different states to quantify the size of the
trait-like component of functional connectivity, compared with the state-dependent component. Our results show that studying
individual differenceswithin one state (such as resting) uncovers only part of the relevant individual differences in brain function,
and that the study of functional connectivity undermultiplemental states is essential to disentangle connectivity differences that
are transient versus those that represent more stable, trait-like characteristics of an individual.
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tivity appears to be such a stable characteristic of the brain, many
studies now use functional connectivity as a trait measure. For
example, individual differences in functional connectivity in rest-
ing state have been linked to individual differences in cognitive
function, age, and mental health (van den Heuvel et al., 2009;
Alexander-Bloch et al., 2010; Sanz-Arigita et al., 2010; Brier et al.,
2014; Geerligs et al., 2015). Many of these studies have yielded
valuable insights into the functional changes underlying a variety
of abilities and deficits (see also Uddin et al., 2010).
However, despite these trait-like aspects, functional connec-
tivity also has a state-dependent aspect. Functional connectivity
has been shown to change with cognitive states and cognitive
demand (Kitzbichler et al., 2011;Moussa et al., 2011; Shirer et al.,
2012; Di et al., 2013; Mennes et al., 2013; Gonzalez-Castillo et al.,
2015). Even within a resting-state scan, significant temporal fluc-
tuations in functional connectivity can be uncovered (Hutchison
et al., 2013; Allen et al., 2014; Zalesky et al., 2014). In addition,
past experiences, as well as ongoing ones, have been shown to
modulate the functional architecture (Barnes et al., 2009; Bassett
et al., 2011). Importantly, changes in connectivity between differ-
ent mental states have been linked to task performance (Her-
mundstad et al., 2014), suggesting that the state-dependence of
functional connectivity might be an important factor in uncov-
ering the relation between cognition and brain function.
In the current study, we aimed to characterize both the stable,
trait-like component of functional connectivity, and the tran-
sient, state-dependent component. To this end, we examined
functional connectivity in a large population-derived sample of
587 participants, approximately uniformly distributed between
18 and 88 years of age, across three different mental states: eyes-
closed resting state, movie watching, and a simple sensorimotor
response task.Whereas previous studies (Krienen et al., 2014; see
also Cole et al., 2014) have compared commonalities and differ-
ences across mental states in the “average” functional connectiv-
ity across individuals, we examined how the pattern of individual
differences, such as those related to age, varied with state. This is
important, because two states could have the same average func-
tional connectivity, yet have a different rank ordering of individ-
uals in terms of their connectivity.
In our analysis of “global” trait and state effects, we used an
approach that was used previously to demonstrate the similarity
of the average network architecture across states (Cole at al.,
2014). This method tests the correlation between connectivity
matrices: matrices that contain estimates of connection strengths
between every pair of brain regions. We extended previous find-
ings by quantifying the contribution of trait and state effects to
individual differences in this regional connectivity (as well as to
average connectivity across individuals).
Most studies of functional connectivity do not focus on over-
all similarity in connectivity, but instead examine the strength of
one or more specific connections between regions or networks.
In our second, more “local” analysis, we examined how specific
connections are affected by state, by age, and by interactions
between state and age. To improve the interpretability of the
results, we performed this analysis at the level of functional net-
works, focusing on connections within and between networks.
Despite the differences in our global and local analyses, results of
both suggest that studying individual differences within one state
(such as resting) discloses only part of the relevant individual
differences in brain function, and that the study of functional
connectivity undermultiplemental states is essential to disentan-
gle connectivity differences that are transient versus those that
represent more stable, trait-like characteristics of an individual.
Materials andMethods
Participants. A sample of 632 participants (18–88 years old; mean, 54.1;
SD, 18.5; 312 males and 320 females) were taken from the population-
derived “700” sample of the Cambridge Centre for Aging and Neurosci-
ence (Cam-CAN). Participants were approximately equally distributed
across the lifespan, with the exception of the first decade, which con-
tained fewer participants (18–28 years, 50 participants; 28–38 years, 104;
38–48 years, 97; 48–58 years, 96; 58–68 years, 98; 68–78 years, 98;
78–88 years, 89). Participants were included if no brain abnormalities
were detected, and if they completed the (f)MRI testing session. Partici-
pants had no contraindications to MRI, were native English-speakers,
had normal or corrected-to-normal vision and hearing, scored 25 or
higher on the mini mental state exam (MMSE; Folstein et al., 1975), and
had no self-reported history of drug or alcohol abuse, or of neurological
disorders (for further details, see Shafto et al., 2014). The study was
approved by the Cambridgeshire 2 Research Ethics Committee, United
Kingdom. Informed consent was obtained from all participants.
fMRI data and image acquisition. fMRI data were recorded in three
different mental states: resting state, a sensorimotor task, and movie
watching. These states lasted 8.5 min and were recorded in a fixed
order, with resting state first, sensorimotor task second, and movie
watching last. During the resting state, participants were instructed to
close their eyes and not think of any one thing in particular. In the
sensorimotor task, participants were instructed to respond by pressing a
button with their right index finger when they heard a bilateral 300 ms
tone (at 300, 600, or 1200 Hz) and/or simultaneously saw a bilateral
checkerboard pattern, presented for 34 ms. A total of 121 trials were
presented, with stimulus onset asynchronies ranging from 2 to 26 s. The
movie task was used to assess neural connectivity under conditions of
continuous visual and auditory input, as participants watched an excerpt
of a compelling but unfamiliar film (Shafto et al., 2014).
MRI data were collected as part of a 1 h session in a 3T Siemens TIM
Trio, with a 32 channel head-coil. For resting state, as well as the senso-
rimotor task, 261 volumes were acquired, each containing 32 axial slices
(acquired in descending order), with slice thickness of 3.7mm and inter-
slice gap of 20% (for whole-brain coverage including cerebellum; TR
1970ms; TE 30ms; flip angle 78°; FOV 192mm 192mm; voxel
size 3mm 3mm 4.44mm) and acquisition time of 8min and 40 s.
During the movie watching, 193 volumes were acquired with the same
slice profile, but using a multi-echo, T2*-weighted EPI sequence [TR
2470 ms, five echoes (TE  9.4 ms, 21.2 ms, 33 ms, 45 ms, 57 ms), flip
angle 78°] with an acquisition time of 8 min and 13 s. The multi-echo
data were combined by computing an average of the 5 echo times,
weighted by their estimated T2* contrast. Higher-resolution (1 mm 1
mm 1mm) T1- and T2-weighted structural images were also acquired
(to aid registration across participants; Taylor et al., 2013).
Data preprocessing. Preprocessing was performed with the SPM 12
software (http://www.fil.ion.ucl.ac.uk/spm), using the automatic analy-
sis (AA) batching system (http://imaging.mrc-cbu.cam.ac.uk/imag-
ing/ A A). For each participant, field maps were used to undistort the
functional EPI images. Subsequently, the functional images were
motion-corrected and slice-time corrected. The T1 and T2 structural
images were coregistered to anMNI template image, bias-corrected, and
then combined to segment various tissue classes (Taylor et al., 2013)
using unified segmentation (Ashburner and Friston, 2005). The gray
matter and white matter (WM) segments for each participant were used
David Troy; Affiliated Personnel: Tibor Auer, Marta Correia, Lu Gao, Emma Green, Rafael Henriques; Research Inter-
viewers: Jodie Allen, Gillian Amery, Liana Amunts, Anne Barcroft, Amanda Castle, Cheryl Dias, Jonathan Dowrick,
Melissa Fair, Hayley Fisher, Anna Goulding, Adarsh Grewal, Geoff Hale, Andrew Hilton, Frances Johnson, Patricia
Johnston, Thea Kavanagh-Williamson, Magdalena Kwasniewska, Alison McMinn, Kim Norman, Jessica Penrose,
Fiona Roby, Diane Rowland, John Sargeant, Maggie Squire, Beth Stevens, Aldabra Stoddart, Cheryl Stone, Tracy
Thompson, Ozlem Yazlik; and administrative staff: Dan Barnes, Marie Dixon, Jaya Hillman, Joanne Mitchell, Laura
Villis.
Correspondence should be addressed to LindaGeerligs,MRC Cognition andBrain Sciences Unit, 15 Chaucer Road,
Cambridge, CB2 7EF, UK. E-mail: lindageerligs@gmail.com.
DOI:10.1523/JNEUROSCI.1324-15.2015
Copyright © 2015 the authors 0270-6474/15/3513950-13$15.00/0
13950 • J. Neurosci., October 14, 2015 • 35(41):13949–13961 Geerligs et al. • State and Trait Aspects of Functional Connectivity
to create a study-specific anatomical template, using the DARTEL pro-
cedure to optimize inter-participant alignment (Ashburner, 2007),
which was subsequently transformed into MNI space. The EPI images
were then coregistered to the T1 image, and the DARTEL flow fields and
MNI transformation were applied to the EPI images. The segmented
images were also used to create WM and CSF masks for each participant
by selecting only voxelswith1%of graymatter and80%ofWM/CSF.
Functional connectivity analysis and motion correction. To reduce the
effects of motion on the functional connectivity results, we used a com-
bination of approaches. The first of thesewas to apply thewavelet despike
method for removing motion artifacts from fMRI data without the need
for data scrubbing (Patel et al., 2014). The method detects irregular
events at different frequencies by identifying chains of outlying wavelet
coefficients, and projects these out of the voxel time series. The algorithm
can remove both prolongedmotion artifacts, such as spin-history effects,
and higher-frequency events, such as spikes. The total amount of despik-
ing performed on a dataset is quantified by the percentage of voxels
containing a spike in that volume of data.
To quantify the total motion for each participant, the root mean
square volume-to-volume displacement was computed using the ap-
proach of Jenkinson et al. (2002). Participants with an average spike
percentage, in any of themental states, of 2 SDs above themean across all
mental states (6.75%)were excluded from further analysis. This led to the
exclusion of 45 datasets (7% of participants). After the wavelet denoising
step, the data were smoothed with an 8 mm FWHMGaussian kernel.
After smoothing, data were extracted for each of 840 functionally de-
fined regions of interest (ROIs) created by Craddock et al. (2012). To
ensure that we only included ROIs that did not suffer from susceptibility
artifacts, participant-specific brain masks were created by thresholding
functional images at 70% of mean signal intensity. The 92 ROIs that had
an overlap of50% with this mask, in one or more participants and in
one or more mental states, were excluded from further analysis (leaving
748). For a control analysis, we used a different parcellation scheme,
consisting of 264 ROIs created by Power et al. (2011), of which 227
remained after removing regions with insufficient coverage with our
functional scans.
The second step to reduce the effects of motion and other noise con-
founds on functional connectivity results was to apply multiple regres-
sion. The regression of data from one ROI on another included
simultaneous regression of expansions of the six original motion param-
eters, as well as of average signals in theWM and CSF. TheWM and CSF
signals were created by averaging across voxels in the associated mask
image, after the wavelet despiking (but before smoothing). The expan-
sions included the first-order temporal derivative, as well as their squares
and squared derivatives, which recent research has shown reduces the
effects of motion (Satterthwaite et al., 2013). In total, there were 32
confound and noise regressors. In addition, bandpass filtering from
0.009 to 0.1 Hz was implemented by regressing out a discrete cosine
transform set, consisting of 168 regressors for the rest and sensorimotor
data and 123 regressors for the movie data. As an estimate of the connec-
tivity strength of each pair of ROIs, we used the z values resulting from
this multiple-regression model, averaged across each ROI, in the pair
appearing as a dependent and independent variable.
Because we observed a significant positive correlation between relative
displacement and age (resting, r 0.43; sensorimotor, r 0.46; movie,
r 0.51), we applied a final correction formotion at the group level. This
was done by regressing out, for each mental state separately, the mean
relative displacement from the connectivity values of each ROI pair (Yan
et al., 2013).
Based on the functional connectivity matrices of all participants and
mental states, we defined a set of functional networks using a consensus
partitioning algorithm (Lancichinetti and Fortunato, 2012). Before the
partitioning, all nonsignificant connectivity values (z 1.96) were set to
zero, as well as connections between ROIs20 mm apart (Power et al.,
2011). An initial partition into functional networks was created using the
Louvain modularity algorithm (Blondel et al., 2008), and this partition
was refined using a modularity fine-tuning algorithm (Sun et al., 2009).
This partitioning was repeated 50 times, and all repetitions were then
combined into an ROI-by-ROI consensus matrix. Each element in the
consensus matrix indicates the proportion of repetitions in which the
corresponding two ROIs were assigned to the same cluster. This matrix
was then used as the input for a new partitioning, until the algorithm
converged to a single partition (such that consensus matrix consisted
only of ones and zeroes). The partitions of all participants and all mental
states were combined in a group consensus matrix partitioned using the
same consensus algorithm. The procedure described above was applied
formultiple resolutions (varying gamma between 1 and 3; Reichardt and
Bornholdt, 2006). Themost stable partitioning (highest normalizedmu-
tual information between solutions at different resolutions) was used as
our final set of functional networks (gamma 2.6). In addition to the 16
large networks described in the main text, we identified five small net-
works, with8 nodes each. These were excluded from analyses, because
their number of ROIs was too small for reliable network connectivity
measures.
Global state and trait effects. For the first analyses of state and trait
effects on global patterns of functional connectivity, we used a slightly
different estimate of functional connectivity. Instead of Z-statistics, we
computed the Pearson correlations between each pair of ROIs, using the
residuals of the regressionmodel described above (i.e., after adjusting for
movement-related confounds). This was necessary because we needed
multiple connectivity estimates for different parts of the data (see below).
Correlationswere transformed toZ-scores (Fisher, 1921), which resulted
in a 748 748 symmetrical, “ROI connectivity” matrix, calculated sep-
arately for each state and each participant.
As a starting point, we performed an analysis similar to that of Cole et
al. (2014), in which we averaged the connectivity matrices across partic-
ipants within each state, and then calculated the spatial correlation across
all ROI-pairs to index the similarity of the connectivity patterns across
states. The square of this between-state correlation estimates the propor-
tion of variance shared between states. The remaining variance is a com-
bination of state differences and random noise.
We can therefore estimate the variance explained by state effects as the
proportion of variance left after subtracting the variance shared across
states and the variance due to noise. To estimate the random noise com-
ponent, we calculated the similarity of connectivity matrices within
states. The time-series of each state were split into two halves, with 5 TRs
in between the halves, and separate connectivity matrices computed for
each half. These connectivity matrices were then averaged across partic-
ipants, and the correlation between the resulting connectivitymatrices of
the two halves was computed. This average, within-state, within-
individual correlation is expected to be high, barring the effect of noise.
The proportion of variance due to noise was thus estimated as 1 minus
this correlation squared. For each comparison between states (e.g., rest
versus movie), we used the minimum of the within-state correlations
across those two states to provide a liberal estimate of noise (and hence a
conservative estimate of state effects). Note that the split-half estimates of
similarity within-state arise from half as many time points as the similar-
ity estimates across states, and so are likely to underestimate within-state
similarity, while any temporal dynamics of functional connectivity
within a given state would also reduce estimates of within-state similar-
ity. In both cases, this would again lead to an overestimate noise, and
thereby a conservative estimate of state effects.
The procedure described above investigates the similarities and differ-
ences of average functional connectivity matrices. In a similar way, we
can investigate whether an individual difference, such as age, is largely
driven by trait effects (similar across states) versus state effects (different
between states). First, for each state, we computed the correlation be-
tween age and functional connectivity for each ROI-pair. This provides
us with a matrix of age effects on functional connectivity for each state.
Similar to the previous analysis, we compared these matrices between
states to test whether pairs of ROIs that show a strong effect of aging on
connectivity in one state also show strong effects in a different state.
Subsequently, the split-half procedure described above was used to esti-
mate the expected variation in the age effects due to noise.
To extrapolate this to amore general measure of any individual differ-
ence, we performed a final global analysis. Here, we first measured the
similarity between each pair of participants by correlating their func-
tional connectivity matrices. We did this for each state separately, result-
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ing in a participant-by-participant (rather than ROI-by-ROI) matrix for
each state, indicating the similarity in functional connectivity patterns
between each pair of participants. Subsequently, we correlated these sim-
ilarity matrices between states. As above, we used split-half analyses to
estimate the variance due to noise.
Because the estimate of random noise is crucial for our estimate of
state effects, we compared our split-half estimates to an alternative noise
estimate. For this, we concatenated the normalized (z-scored) time series
for the two states used in each pairwise comparison across states. Before
concatenation, the time series of the movie data were interpolated to the
same sampling rate as the rest and sensorimotor data. The interpolation
did not alter the results, as the estimates of the overlap between states
were identical for the interpolated and the original data. Then,we applied
phase randomization to remove any true differences in functional con-
nectivity between the two states. For phase randomization, the data were
converted to the frequency domain using a fast Fourier transformation.
Although the power spectrum is left intact, the phases are replaced by
randomphaseswhich are generated separately for each frequency (Prich-
ard and Theiler, 1994). The same set of randomphases was applied to the
time series of all ROIs. Data were then transformed back into the time
domain and connectivity for both states was recomputed (i.e., the first
and second half of the concatenated data).
Phase randomization preserves the mean, variance, and the average
autocorrelation of the time series, while randomizing the precise timing.
Therefore, any true differences in connectivity between the first and the
second part of the time series (corresponding to two states) are removed.
Similarity of average functional connectivity, age effects, or individual
differences was then recomputed as described above. Repeated random-
izations gave highly similar estimates for the size of the state effects,
suggesting that the estimates were very stable. In Results, we report the
minimum value of the observed state effects across 100 repetitions of the
phase randomization. The estimates of state effects were consistently
larger than the estimates we obtained from the split-half analysis above
for each of the state comparisons. Phase randomization is a less conser-
vative estimate of state effects, because it is not affected by true changes in
connectivity over time and it uses the same number of data points as the
real estimates of between-state similarities. However, phase randomiza-
tion might overestimate the state effects if there is a difference in noise
levels between states.
Local state and trait effects. In our secondmain set of analyses, we tested
how the effects of state on individual differences can alter the conclusions
of a typical functional connectivity study. To this end, we estimated the
main effect of state, themain effect of age, and the interaction of state and
age at the level of individual connections. These connections were
estimated at the level of networks, instead of ROIs, to reduce the
number of multiple comparisons and to improve the interpretability
of the results.
We observed that the average functional connectivity across all con-
nections, was reduced with age in all three cognitive states (rest, r 
0.28, p 0.001; sensorimotor, r0.16, p 0.001;movie, r0.15,
p  0.001). Therefore we, we applied proportional thresholding, in
whichwe kept only the 10% strongest connections for each participant in
each state. Subsequently, we binarized all connections (i.e., set all su-
prathreshold connections to one and all others to zero) and computed
the average within- and between-network connectivity. This ensures that
all participants possess the same number of connections, and that only
the structure of the network was relevant, regardless of variations in the
absolute strength of connections across participants. Subsequently, the
ROI connections within or between each of the 16 networks were aver-
aged, to produce a 16  16 symmetrical network connectivity matrix
(Geerligs et al., 2015). For each of the connections within this matrix, we
examined changes in connectivity between mental states, using the Wil-
coxon signed rank test. Effects of age on connectivity and age-by-state
interactions were tested using Spearman correlations.
Results
Previous research has shown that the average functional network
structure across individuals is highly similar across a range of
tasks (Cole et al., 2014; Krienen et al., 2014). In the current study,
we aimed to assess whether differences between individuals in
their functional architecture are also task invariant. This distinc-
tion is important, because two states could have the same average
functional connectivity, yet a completely different rank ordering
of individuals in terms of their connectivity. For example,
younger people might have greater functional connectivity than
older people in one state, but older people might have relatively
greater connectivity in a different state.
To allow for functional interpretation of the connectivity
matrices, we identified functional networks across all partici-
pants and states, using a two-step multi-resolution consensus
community-detection algorithm (Reichardt and Bornholdt,
2006; Blondel et al., 2008; Lancichinetti and Fortunato, 2012).
The resulting 16 networks (Fig. 1A) were highly similar to those
in previous studies, whether they used similar graph theoretical
approaches or independent component analyses (Beckmann et
al., 2005; Power et al., 2011).
Our main analyses focused on comparisons between the rest-
ing state and sensorimotor task, because these tasks had identical
scanning parameters, ensuring that any differences observed be-
tween states were driven only by the cognitive states. The movie
data were acquired with a different sequence and are therefore
used only to provide supporting evidence for our claims.
Average global connectivity across individuals
To ground our results in previous work, our first analysis aimed
at replicating the work of Cole et al. (2014), using similar meth-
ods. First, we computed an average connectivity matrix across all
participants for each state (rest, sensorimotor task, and movie).
Figure 1B shows that average connectivitywas strongest in resting
state (mean, 0.17; SD, 0.18), weaker in the sensorimotor task
(mean, 0.16; SD, 0.18), and weakest in the movie (M, 0.14; SD,
0.16). We then used spatial correlation across ROIs to index the
similarity of the connectivity patterns across states. We observed
that average functional architecturewas highly similar in the rest-
ing state and sensorimotor task (r  0.93). The correlations be-
tween rest and movie, and between sensorimotor and movie,
were lower (r  0.80), but still in the range of correlations ob-
served by Cole et al. (2014).
To quantify the relative size of the overlap, relative to the
differences between states, we compared these correlations to a
null-distribution based on the similarity of connectivity matrices
within each individual in each state (split-half estimates; see Ma-
terials and Methods). This allows an estimate of the amount of
variance in the connectivity matrices explained by true state
differences. Note that our estimates of such state effects erred
on the conservative side (see Materials and Methods), given
the relative novelty of these effects. We found that the overlap
between the rest and sensorimotor states explained 87% of the
variance, whereas the differences accounted for 12% of the
variance. For the comparisons between rest and movie, and
sensorimotor and movie, the overlap was lower (63% and
64%, respectively), whereas state differences were larger (29%
and 36%, respectively).
Individual differences in global connectivity
Age
Our next step was to go beyond the analysis by Cole et al. (2014),
by investigatingwhether individual differences in functional con-
nectivity are also sensitive to mental state. Instead of focusing on
the group average functional connectivity matrix, as above, we
investigated the effects of one dimension of individual differ-
ence—age—on functional connectivity between each pair of
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Figure1. A, The 16 functional networks are displayed on an inflated surface rendering of the humanbrain using the CARET program (Van Essen et al., 2001).We identified three networks related
to sensory andmotor processes: the auditory network, the visual network, and the somato-motor network (SMN). In addition, we identified four subcortical networks: a brainstemnetwork, a basal
ganglia network, a cerebellar network, and a posterior thalamus network. The remainder were higher-order processing networks, and included the default mode network (DMN), the precuneus
network, the anterior insula network, the inferior temporal network, the dorsal attention network (DAN), the ventral attention network (VAN), the fronto-executive network (FEN), and the
frontoparietal control network (FPCN). B, An illustration of the average functional connectivity matrices in each mental state. ROIs are ordered by functional network, as indicated by the colors on
the left side and bottomof the functional connectivitymatrices. For each pair of states, the similarity between the connectivitymatrices is computed (r). The expected value for the similarity if there
were no true state difference (based on split-half analyses) is shown by the H0 value. Based on these two correlation coefficients, we computed the percentage of variance in the functional
connectivity matrix that is shared between states (overlap) and the percentage of variance that is due to state-related changes in connectivity (state diff.), relative to noise (see Materials and
Methods). Dashed black box around movie state indicates that the scanning parameters were different from those used in rest and sensorimotor task (see Materials and Methods).
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ROIs. We asked whether the pattern of age-related changes that
we observe in one state is similar to the pattern of age-related
change in other states (i.e., are the connections that decline with
age in one state the same connections that show declining con-
nectivity in another state?). In other words, we again computed
the similarity between ROI-by-ROI matrices, except that the el-
ements of these matrices now contained the correlation between
age and connectivity for each pair of ROIs, rather than the mean
connectivity across individuals (Fig. 2).
Looking at the similarities between states in these age effects,
we observed an overlap of 42% for rest versus sensorimotor task,
with state differences explaining another 41%of the variance. It is
possible that regressing out average motion inadvertently led to
an overestimation of the size of the state effects. Therefore, we
repeated this analysis with data in which no group motion cor-
rection was applied. This did indeed result in slightly higher esti-
mates for the overlap between states and lower estimates for the
state differences (53% and 34%, respectively). All the results for
data with groupmotion correction can be found in Table 1, while
Figures 2 and 3 are based on data without group motion correc-
tion, to provide a conservative estimate of state effects (group
motion correction does not affect the results reported in Fig. 1).
The group motion correction did not have a large effect on the
localization of the age effects, as we observed very high correla-
tions between the matrices shown in Figure 2 and the corre-
sponding matrices with group motion correction (rest, r 0.95;
sensorimotor, r 0.97; movie, r 0.94). On average, the corre-
lations between age and functional connectivity are negative in all
three states (rest: mean, 0.1, SD, 0.12; sensorimotor: mean,
0.051, SD, 0.15; movie: mean,0.045, SD, 0.14).
Even with the more conservative estimate of state effects, age
effects showed substantial differences between rest and sensori-
motor states. This finding is further supported by a comparison
with the movie state. There, we found that the sensorimotor task
showed much more overlap with the movie (43%) than the rest-
ing state (26%), with corresponding state effects of 46% versus
54%, respectively. Given the presence of auditory and visual in-
put in both the movie and the sensorimotor task, but not in
resting state, these results suggest that there is a more substantial
change in the age effects on functional connectivity when the
differences in the nature of two cognitive states are more pro-
nounced. In general, we observe that differences between states
are almost as important as similarities between states in shaping
the observed age effects. The important implication of this find-
ing is that one would draw quite different conclusions about the
effect of aging on functional connectivity depending on the state
in which that connectivity was measured.
Figure2. An illustrationof theeffects of ageon functional connectivitymatrices in eachmental state. Thevalues showthe similarity of ageeffects between states (r), the similarity between states
under the null-distribution (H0), the percentage of variance explained by trait effects (overlap), and the percentage of variance explained by state effects based on split-half analyses (state diff.). See
Figure 1 legend for more details.
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Generic
Our next analysis was aimed at verifying that this variability of
individual differences between states is not just specific to age, but
rather a more general aspect of functional connectivity. We first
measured the similarity between each pair of participants by cor-
relating their functional connectivity matrices. We did this for
each state separately, resulting in a participant-by-participant
(rather than ROI-by-ROI) matrix for each state, indicating how
similar functional connectivity patterns were in each pair of par-
ticipants. We observed that the similarities between participants
were highest in the sensorimotor task (mean, 0.43; SD, 0.08),
slightly lower in resting state (mean, 0.42; SD, 0.08), and lowest in
the movie (mean, 0.4; SD, 0.07). Permutation tests showed that
all of these differences between states were highly significant (p
0.001). The results in Figure 3 suggested that the similarities be-
tween participants changed with age; older participants were less
similar to each other than younger participants. To test this, we
computed the average similarity between each participant and all
other participants (by averaging across one of the dimensions of
the matrices in Fig. 3), and found a significant negative correla-
tion with age in each of the three mental states (rest r  0.27,
p 0.001; sensorimotor task r0.41, movie r0.53, p
0.001).
Subsequently, we examined whether similarities between par-
ticipants in one cognitive state would be consistent with the sim-
ilarities in a different state (i.e., if two participants show highly
similar connectivity patterns in one state, will they also show
similar connectivity in another state?). To this end, we correlated
these similaritymatrices between states (see Fig. 3 for a schematic
of the methods and results). Again, we found that individual
differences were highly dependent on state. For the comparison
of rest and sensorimotor task, the overlap between states (21% of
the variance) was approximately equal to the differences between
states (21%). Similar to the analysis of the age effects, we observed
that the similarity between states was lower for the comparison of
rest versus movie (overlap, 9%; differences, 32%) than the com-
parison of sensorimotor versusmovie (overlap, 19%; differences,
23%). This again suggests that individual differences change less
with state when two states are more similar to each other.
Age and state effects on local connections
So far, we have considered global similarity of connections across
pairs of ROIs, or across pairs of individuals. However, typical
studies of functional connectivity often examine how the
strength of connectivity between specific ROIs or networks re-
lates to a given dimension of individual differences.Here, we used
age as an example dimension of individual differences to show
how state effects could influence the conclusions drawn in typical
studies of functional connectivity. More specifically, for each
connection we tested (1) differences between states (main effect
of state), (2) individual differences in age (main effect of age), and
most interestingly, (3) the interaction between these state and age
effects.
To be able to give a functional interpretation to the results and
to reduce the number of multiple comparisons, we performed
these analyses at the level of the 16 networks in Figure 1A. Before
computing average connectivity within and between networks,
we applied binary proportional thresholding, in which we kept
only the 10% strongest connections for each participant in each
state. This ensures that all participants possessed the same num-
ber of connections, and that only the structure of the functional
connections was relevant, regardless of variations in the absolute
strength of connections across participants.
The average within- and between-network connectivity ma-
trices for each state are shown in Figure 4. Figure 4A shows the
strength of all the connections within and between networks in
the three mental states, while Figure 4B shows the significant
differences in functional connectivity that can be observed be-
tween states (connections with a central dot are significant after
Bonferroni correction). We will not discuss all of the differences
in the figure here, but will mention some highlights. In general,
we observed a widespread increase, compared with resting state,
in between-network connectivity in the sensorimotor task and, in
particular, in the movie. A noticeable exception to this general
increase was the significantly reduced connectivity between (and
within) sensorimotor networks in the movie and sensorimotor
task relative to rest (Fig. 4B, top left quadrants). In the sensori-
motor task, this reduction was restricted to the visual and so-
matomotor networks, whereas this also extended to the auditory
network in the movie. These connectivity reductions are note-
worthy because one might expect the opposite pattern of in-
creased sensorimotor coupling, given that the movie and the
sensorimotor task both involve coherent sensorimotor stimula-
tion, which is absent in resting state (see Discussion for further
consideration).
Having demonstrated highly significant main effects of state
on individual connections within and between networks, we next
asked which connections showed a main effect of age. In resting
state, the most noticeable effect of age was increased connectivity
within and between subcortical networks (Fig. 5A), and a ten-
dency for increased connectivity between subcortical and senso-
rimotor networks, and between subcortical and higher-order
networks. In contrast, in the movie and sensorimotor states, we
observed a tendency for decreased connectivity with age between
higher-order networks.
Finally, we also found some connections in which there was a
significant interaction between age and state effects (Fig. 5B).
Most noticeable were changes in age-related effects between sen-
sorimotor and resting states (Fig. 5Bi): connectivity within sub-
cortical networks showed greater age-related increases during
Table 1. Estimates of the overlap between states and state-differences, expressed
in percentage of variance explained
Overlap Difference
Difference/
Overlap
Comparison Method R-SM R-M M-SM R-SM R-M M-SM R-SM R-M M-SM
Average FC 1. C - SH 87 64 63 12 29 36 0.14 0.45 0.57
2. C - SH - MR 87 64 63 12 29 36 0.14 0.45 0.57
3. C - SH - MM 85 63 62 13 29 36 0.15 0.46 0.58
4. C - PR 87 64 63 13 36 37 0.15 0.56 0.58
5. P - SH 84 61 62 15 32 38 0.18 0.52 0.61
Age effects 1. C - SH 53 26 43 34 54 46 0.64 2.08 1.07
2. C - SH - MR 42 17 34 41 52 49 0.98 3.06 1.44
3. C - SH - MM 35 11 24 30 43 48 0.86 3.91 2.00
4. C - PR 53 26 43 41 66 51 0.78 2.54 1.20
5. P - SH 47 27 41 38 52 48 0.81 1.93 1.17
Individual
differences
1. C - SH 21 9 19 21 32 23 1.00 3.56 1.21
2. C - SH - MR 19 6 10 19 26 22 1.00 4.33 2.20
3. C - SH - MM 17 11 15 20 27 22 1.18 2.45 1.47
4. C - PR 21 9 19 48 50 46 2.25 5.32 2.42
5. P - SH 20 9 22 22 33 21 1.10 3.67 0.95
For each comparison that ismade in themain text,we showthe results of four different analysis approaches. In order
these are: (1) the standard split-half analysis as reported in themain text; (2) the resultswhen regressingoutmotion
at thegroup level; (3) the results usinga subset of 147participants across the lifespanwhowerematchedonaverage
motion; (4) the results using phase-randomization as a null model to estimate the size of state differences; and (5)
the results using a different set of ROIs by Power et al. (2011). C, Using the set of ROIs by Craddock et al. (2012); P,
using the set of ROIs by Power et al (2011); SH, split-half method; MR, results after regressing out effects of average
motion for each connection; MM, using a subset of 147 participants across the lifespanwhoweremotion-matched;
PR, phase-randomization method.
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rest, whereas connectivity between subcortical and higher-order
networks showed greater age-related decreases during the senso-
rimotor task (compare Fig. 5Ai, Aii). Also noticeable were
changes in the age-related effects within and between sensorimo-
tor networks between movie and rest states (Fig. 5Bii): for exam-
ple, connectivity between visual and auditory networks showed
greater age-related increases in the movie task, whereas connec-
tivity between visual and sensorimotor networks showed greater
age-related decreases during rest (compare Fig. 5Aiii, Ai). It is
important to note that the differences between the rest and sen-
sorimotor task were more pronounced than the difference be-
tween rest and movie and that the differences between the
sensorimotor task and the movie were the least prominent. This
suggests that these state-by-age interactions are not overly af-
fected by the different acquisition sequence in the movie com-
pared with the rest and sensorimotor states. The important
implication of these significant interactions is that the effects of
age on specific functional networks would differ across studies
that measured connectivity in different states.
Control analyses
In functional connectivity analyses, motion artifacts are an im-
portant concern. This is especially true in aging populations, be-
cause in line with previous studies, we observed an age-related
increase in averagemotion for each of the states (resting, r 0.43;
sensorimotor, r  0.46; movie, r  0.51). We took extra care in
our analyses to reduce the effects of motion artifacts on our con-
nectivity estimates (see Materials and Methods). In addition to
regressing out quadratic and derivative expansions of themotion
parameters, we used wavelet despiking, for which the number of
spikes identified was strongly correlated to the average displace-
ment per participant, suggesting that this procedure was success-
ful in some of the age-related differences in motion artifacts (r
0.74 in resting state, r  0.67 in sensorimotor state, r  0.82 in
movie state). We also removed participants who had excessive
numbers of spikes.
To further test the effectiveness of this approach, we examined
correlations between functional connectivity estimates and rela-
tive displacement. We computed this correlation in 10 year age
windows, which we moved across the age range with steps of 1
year to make sure motion and age effects were not confounded.
These correlations were averaged across all age groups, after
weighting them by the number of participants in each window.
We compared our original analysis approach to one in which no
wavelet despiking was performed and derivatives and quadratic
terms of motion parameters were not regressed out. Two out-
Figure 3. A schematic depiction of the analyses and results of the analysis of individual differences. The first step of the analysis is to compute the correlation between all participants’ functional
connectivitymatrices for each state. This results in a participant-by-participant similaritymatrix for each state. Then, the similarity between these participant similaritiesmatrices are computed for
each pair of states. Similar to the results in Figures 1 and 2, the values show the similarity of the participant similarity matrices between states (r), the similarity between states under the
null-distribution (H0), the percentage of variance explained by trait effects (overlap), and the percentage of variance explained by state effects based on split-half analyses (state diff.). Note that the
participants in the participant similarity matrices are ordered by their age (increasing from top to bottom and from left to right). See Figure 1 legend for more details.
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comemeasures that are typically used are the average correlation
between connectivity and motion (across distances) and the
distance-dependence of these correlations (Patel et al., 2014;
Power et al., 2015; given that the effects ofmotion on connectivity
estimates are stronger for pairs of ROIs that are close together).
Forbothmeasures,we found that the effects ofmotionwere reduced
after more elaborate motion correction. The relation between ROI
distance and the correlation between motion and functional con-
nectivity reduced in resting state (before r  0.067, after r 
0.057), sensorimotor task (before r0.084, after r0.071),
and movie (before r0.075, after r0.060). In addition, the
average correlationwithmotionwas reducedafter the elaboratemo-
tion correction in resting state (before r0.092, after r0.083) and
movie (before r 0.108, after r 0.098), though not sensorimotor
task (before r 0.100, after r 0.101).
In line with previous work, the results presented above show
that there are some residual correlations between motion and
functional connectivity, even after elaborate preprocessing (Sat-
terthwaite et al., 2013; Yan et al., 2013; Power et al., 2014). This
could indicate that motion artifacts were not removed com-
pletely. However, it might also be indicative of true differences in
functional connectivity between high- and low-motion partici-
pants (Zeng et al., 2014). Nevertheless, we wanted to make sure
that any age effects we reported could not be due to differences in
average motion. This is why we additionally regressed out the
average displacement for each participant from each of the func-
tional connectivity estimates (group motion correction).
In addition, we repeated the analyses of global and local con-
nectivity changes in a motion-matched sample of 147 partici-
pants across the lifespan. This subsample was created by selecting
participants with similar levels of average motion in each decade
(correlation between age and average motion in subsample, r
0.06, p  0.49). Average motion was not regressed out for these
analyses. The results of the global connectivity analyses are shown
in Table 1 (together with all the other types of control analyses
performed here). Because fewer participants are included in the
Figure 4. A, Average functional connectivity within and between networks, where lines within each network connectivity matrix illustrate major groupings of networks into “sensorimotor” (i;
visual, auditory, SMN), “subcortical” (ii; brainstem, basal ganglia, cerebellum, thalamus), and “higher-order” (iii; DAN, anterior insula, inferior temporal, cingulate, VAN, FEN, FPCN, precuneus, and
DMN; see Figure 1 legend for definition of network acronyms).B, Differences betweenmental states, wherewhite squares indicate nonsignificant effects ( p 0.05) and black dots indicate effects
that remain significant after Bonferroni correction for all multiple comparisons across all connections and states.
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analysis, the estimate of the overlap and the differences between
states will be lower than in the original analysis. Nonetheless,
considering the ratio between the difference and the overlap be-
tween states, it becomes clear that in most cases the state effects
are larger in the motion-matched sample than in the full sample,
suggesting thatmotionmight be associatedwith an underestima-
tion of true state effects. This is also confirmed by the results of
the local connectivity analysis. In the original analyses in Figure 5,
we found that of all the significant associations between age and
functional connectivity (p  0.05), 60% were correlations be-
tween age and connectivity within a given state, while 40% were
age-by-state interactions. This proportion was highly similar in
the motion-matched sample (38%).
As a final check, we investigated in our local connectivity anal-
yses whether there were any motion-by-age interactions that
would suggest that the estimated age effect is different for high-
versus low-motion groups. We found no significant interactions
in the resting state or the sensorimotor state after Bonferroni
correction. In the movie we did observe two significant interac-
tions, between the precuneus and the cerebellumandbetween the
dorsal attention network and the visual network. For these con-
nections, the effects of age on functional connectivity were posi-
tive in the low-motion subgroup andnegative in the high-motion
subgroup. The low number of significant interactions suggests
that interactions between age and motion are not a major con-
found in our data. If anything, the motion effects might be ob-
scuring some of the true effects of age.
In addition to these checks for motion effects, we examined
whether our results were dependent on the specific parcellation
used in the analysis. To this end we repeated our analyses, using a
parcellation created by Power et al. (2011). The results are re-
ported in Table 1. The estimates of overlap and state effects we
obtained with this different parcellation scheme were highly sim-
ilar to our original results with the Craddock parcellation. In
addition, we compared our split-half method for estimating the
size of the state effects to an alternative method using phase ran-
domization. Particularly for the analyses of age effects and indi-
vidual differences, the phase randomization approach led to
larger estimates of state effects, suggesting that the split-half
method is, if anything, underestimating the true size of the state
Figure 5. A shows the effects of age on functional connectivity within and between networks within each state separately, whileB shows interactions between age and state effects. See Figure
5 legend for more details.
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effects due to changes in functional connectivity over timewithin
each state.
Discussion
Many studies have repeatedly demonstrated the remarkable sim-
ilarity of functional connectivity patterns across participants and
mental states (Calhoun et al., 2008; Smith et al., 2009; Cole et al.,
2014; Krienen et al., 2014). In line with this, we observed that
average connectivity matrices were highly similar across mental
states, withmost of the variance (between 63 and 87%) explained
by commonalities in the functional connectivity architecture be-
tween states. However, even though the similarities are striking,
this does not imply that individual differences in functional con-
nectivity do not vary betweenmental states. Recent findings con-
cerning the state-dependent nature of functional connectivity
suggest that the differences between individuals might vary sub-
stantially with their mental state.
In the present work, we disentangled these trait and state as-
pects of functional connectivity. In the case of aging, one specific
dimension of individual difference, we found that state effects
were quite substantial when compared with the trait effects (39%
of total explained variance) when comparing resting state to a
sensorimotor task. These results show that the regions exhibiting
the strongest effects of aging on functional connectivity vary con-
siderably between tasks. When comparing these states with the
movie state, we find that the age effects change more when the
nature of two states ismore dissimilar (e.g.,more change between
rest–movie than sensorimotor–movie). In a more general analy-
sis of all individual differences, we similarly found that state ef-
fects explained as much or more of the variance in the similarity
of connectivity matrices between individuals than did trait ef-
fects. This suggests that differences between individuals are
strongly shaped by themental state in which these differences are
measured, and that both trait and state effects are significant
factors in shaping an individual’s functional connectivity archi-
tecture. Consequently, our ability to understand the changes in
brain function that underlie important dimensions of individual
differences, such as aging, disorders, or behavioral differences,
will be enhanced by considering more than just one mental state.
Effects of age
We observed that within-network connectivity generally de-
clined with age (Geerligs et al., 2014, 2015), particularly in the
movie and sensorimotor task. However, the exact networks that
declined varied between mental states. As in previous studies, we
observed age-related declines in higher-order networks, such as
the default mode network, the frontoparietal control network,
and the ventral attention network (Andrews-Hanna et al., 2007;
Sambataro et al., 2010). However, in the sensorimotor task, we
also observed declines in the auditory and visual networks, which
have not been reported previously. Connectivity between net-
works showed increases as well as decreases with advancing age.
In the resting state, for example, we observed increased connec-
tivity between subcortical networks, as well as between subcorti-
cal and higher-order networks, supporting the results of Tomasi
and Volkow (2012). In contrast, in sensorimotor and movie
states, the effects of aging were dominated by a widespread de-
crease of connectivity between the higher-order networks.
Importantly, there were also connections for which the effects
of age depended on state. For example, connectivity within sub-
cortical networks showed greater age effects during rest than
during the sensorimotor task, whereas connectivity between dif-
ferent higher-order cortical networks showed weaker age effects
during rest.
Having said this, it should be noted that the effects of aging
were highly dependent on the method of thresholding. When no
threshold is applied (as illustrated in Fig. 2), we found that aging
was associated with a decline in the majority of within- as well as
between-network connections, in each of the mental states. This
is due to a shift in the overall distribution of connectivity values
with age. It is unclear whether this shift represents a true decrease
in neural connectivity, or age-related differences in vascular com-
ponents of the fMRI signal (D’Esposito et al., 2003; Lu et al., 2011;
Tsvetanov et al., 2015). This is why we have focused on the dif-
ferences in the relative structure of the network (i.e., using pro-
portional thresholding and binarization), which do not depend
on overall shifts in the connectivity distribution.
Effects of mental state
Even though average connectivity architectures were highly sim-
ilar across mental states, we did observe some interesting differ-
ences between states. During the sensorimotor task and movie,
compared with rest, we observed increased connectivity between
networks, and decreased connectivity within and between the
sensorimotor networks. The decreased connectivity within and
between sensory networks is noteworthy, because one might ex-
pect the continuous, and presumably highly correlated, visual
and auditory stimulation in the sensorimotor task and movie to
increase connectivity within, as well as between, sensory networks.
One possibility is that exogenous stimulation causes greater func-
tional segregation within sensory networks, as specialized compo-
nents process their preferred dimensions of the stimulus, displacing
the highly correlated endogenous activity at rest.
More generally, the similarities of connectivity patterns be-
tween different participants depended on mental state: partici-
pants were most similar in the sensorimotor task, and least
similar in the movie. The sensorimotor task is more constrained
than resting, but perhaps also more constrained than watching a
movie, e.g., in terms of individual differences in interpretation of
that movie. This might make it easier to detect differences be-
tween groups of participants, such as patients and controls, in
more constrained mental states. However, future research is
needed to determinewhich features of a state elicit high similarity
across participants.
Limitations
Our estimate of percentage of variance explained by true state
differences relies on the accuracy of our noise estimates. Our
noise estimates were based on the similarity of connectivity pat-
terns in two halves of the same state. Therefore, it was based on
fewer time points than our estimate of the similarity between
states, which could potentially lead to an underestimation of the
percentage of variance explained by the state effects. Neverthe-
less, we still observed very robust state effects, often of a size
similar to that of the trait effects. It is possible, although there are
sources of variability that we have not capturedwith thismethod.
One example is the fixed temporal order of the scanning runs
(movie was always last). Participants might have beenmore tired
or less attentive during the movie than in the other mental states,
which could have led to an overestimation of the difference be-
tween the movie and resting state. In addition, preceding runs
may have differential modulation on the functional connectivity
in subsequent states. However, such confounds do not under-
mine the conclusion of this paper: regardless of whether state
variability is caused by the stimuli presented, previous tasks, or
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simply time spent in the scanner, these factors modulate individ-
ual differences in functional connectivity.
As in all studies of functional connectivity using fMRI, partic-
ipant motion is an important potential confound. To reduce
motion effects, we applied an extensive preprocessing pipeline
using state-of-the-art techniques. However, because motion was
strongly correlated with age in our sample, this correction may
have also removed some neurobiological effects of aging. A fur-
ther potential confound was that the scanning parameters in the
movie differed from those in the other two states (see Materials
and Methods). This could have led to an overestimation of the
state differences between the movie and other states and, there-
fore, these state differences should be interpreted with caution.
Nonetheless, it is noteworthy that the local interactions between
state and age that we found were more pronounced between the
rest and sensorimotor sessions (with same scanning parameters)
than between these sessions and the movie. This suggests that in
this analysis, the effects of state were larger than any effects of
scanning parameters.
Conclusion
The study of functional connectivity in the human brain, in rest-
ing as well as task states, has contributed to our understanding of
brain function inmanyways. However, the results described here
show that it is important to keep in mind that differences in
functional connectivity between individuals are not static: differ-
ent patterns of individual differences emerge under different
mental states. This is not a flaw of functional connectivity re-
search, but an intriguing characteristic about the way the brain
functions. Researchers are beginning to realize that functional
connectivity is continuously changing, across periods of seconds,
minutes, days, and years, as well as across mental states, and that
these changes in turn differ across individuals. Future research
should take into account that functional connectivity partly re-
flects a stable trait of participants, but also partly reflects the
mental state of participants, which changes over time. By study-
ing functional connectivity across a wider range of mental states,
we might gain a better understanding of the changes in brain
function that underlie important dimensions of individual dif-
ferences, such as aging, disorders, or behavioral differences.
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